Abstract In medical research, commonly, one is interested in the time to the occurence of a particular event, such as the revision of an implant, and the analysis of these data is referred to as survival analysis. However, for some patients, the event is not observed and their observations are censored. These censored observations are particular to survival data and require specific methods for estimation. The Kaplan and Meier method is a popular method to estimate the probability of being free of the event over time and it is now widely applied in orthopaedics such as to report implant survival. However, one of the assumptions underlying the Kaplan-Meier estimator implies that patients whose observations are censored have the same risk of occurrence of the event than patients remaining in the study. However, because the revision of an implant cannot occur after a patient dies, and that dead patients have their observations censored in the Kaplan-Meier method, another setting must be considered. In the sequel we will demonstrate the inadequacy of the Kaplan-Meier method to estimate implant survival and detail the cumulative incidence estimator.
Introduction
In medical research, not infrequently, one is interested in the time to the occurence of a particular event, such as the death of a patient, the recurrence of a cancer, or the revision of an implant. Such data are generically referred to as survival data and survival analysis refers to the analysis of these data in the form of delays from a time origin to the occurrence of the event of interest, the end-point. However, for some patients, the event is not observed during the course of the study and their observations, deprived of a survival time, are said to be censored. These censored observations are particular to survival data and require specific methods for estimation.
In 1958, Kaplan and Meier [14] proposed a non parametric method to estimate the survivor function that allows one to determine the estimated survival probabilities from a set of observed data. It is not surprising that this estimator became popular to estimate the occurrence of events other than death, and in 1980 Dobbs [8] was the first to report the implant survival on 400 Stanmore total hip arthroplasties with metal on metal bearings using the Kaplan-Meier method. However, one of the assumptions underlying the Kaplan-Meier estimator implies that patients whose observations are censored, such as those of patients who have not been revised and die during follow-up, have the same risk of occurrence of the event as patients remaining in the study. However, because the revision of an implant cannot occur after a patient dies, another setting must be considered.
The use of the competing risks setting allows one to account for the differences between censoring mechanisms from one observation to another, and the cumulative incidence function gives an appropriate estimate of the cumulative probability of revision of the implant over time in such situations. In the sequel we will show the inadequacy of the Kaplan-Meier method to estimate implant survival and detail the cumulative incidence estimator.
Analysis of survival data with the Kaplan-Meier method Kaplan-Meier estimate for patient death Survival data occurs when one is interested in the time to the occurence of a particular event, for instance death. In that case, one is interested in the transfer from the "alive" state to the "dead" state (Fig. 1a) , and the probability that the actual survival time T (which may or may not be observed during study follow-up) of a patient be equal or superior to a time of interest t is called the survivor function: S(t) = Pr(T ≥ t). The objective of survival analysis is to estimate this function and, for instance, be able to predict the probability for a patient of being alive five years after the treatment of a cancer. Understanding the analysis of survival data for patient death is a necessary prerequisite for understanding the analysis of survival data for other events such as implant revision.
There are two reasons why survival data are not amenable to standard statistical methods. The first is that survival times, that is, times from a time origin to the time of occurrence of the event, are not symmetrically distributed. Indeed, survival data usually demonstrate a longer right tail owing to a low number of observations with short survival times. This could be easily dealt with by first transforming the data, for instance, by taking logarithms so as to obtain a more symmetric distribution. However, the main problem encountered when dealing with survival data is that the event of interest is not observed for all patients and the observations of these patients are censored. Censored observations may occur because a patient has been lost to follow-up or because at the end of the study the patient is still alive. Although theoretically the study could be long enough so that every single patient dies during the study time, some patients will still be lost to follow-up and one would still have to deal with these censored observations.
The problem posed for patients with censored observations is that their actual survival time T is unknown and we are unable to analyse the data in a straightforward manner. Figure 2 (top) depicts the follow-up of two patients during a study.
The first patient, Max, is lost to follow-up after five years and the second, Arthur, dies at ten years. The survival time of Arthur is straightforward, it is ten years. However, there is a problem with Max, i.e. we do not know her actual survival time. We could simply consider her observation as missing but doing so we would loose some very important information, that is, Max has survived at least five years. We could also consider that her survival time is five years but then it would mean that she actually died at five years which is not true. The answer to this problem is to consider that Max survived five years and that after five years she survived for some unknown time that we have to account for in some way. Kaplan and Meier [14] proposed that if we consider that the risk of death of patients whose observations are censored is equal to that of the patients remaining in the study, then we can estimate the survival at time t by the cumulative product of the conditional probabilities of surviving each time interval until the chosen time. For instance, Fig. 2 (bottom) shows the Kaplan-Meier estimate of the survivor function for Max and Arthur. Until the fifth year the estimated survival is 100% since no event occurs. At five years, Max is lost to follow-up. From the fifth to the tenth years, no event occurs so the estimated survival is still 100%. At ten years, Arthur only remains in the study and dies but, strangely, the estimate of the survival is not 50% (one event in two patients), it is 0%. The reason for this is that Max, who was lost to follow-up at five years, has been removed from the risk set, namely, the set of patients still under follow-up and at risk of the event, and therefore the force of the following event is increased accordingly (one event in one patient instead of one event in two patients). No estimate is available after ten years since no patient is followed-up beyond that time. Of course this effect is more subtle when more patients are considered, but the principle remains the same, i.e. each time an observation is censored, the force of all following events is increased.
Kaplan-Meier estimate for implant revision
Following the report by Dobbs [8] , the Kaplan-Meier estimator has become very popular among orthopaedic surgeons to estimate the probability of implant revision over time. For instance, Hamadouche et al. [13] , in a study of 118 alumina-on-alumina bearing total hip arthroplasties in 106 patients operated upon between 1979 and 1980, reported ten-, 15-, and 20-year implant survivals, with revision of the implant for any reason as the endpoint, of 84% (95% confidence interval [CI]: 77-92%), 74% (95% CI: 65-84%), and 69% (95% CI: 59-80%), respectively (Fig. 3) . When modeling implant survival, one is interested in the transfer from the "implant in vivo" state to the "implant revised" state (Fig. 1b) , and the observations of patients who do not transit from one state to another during study time are censored. This includes patients lost to follow-up, patients still under observation at the end of study, and patients who died during the study time provided they had not been revised before. Indeed, the Kaplan-Meier method does not differentiate between these three reasons for censoring, and whether the patient is lost to follow-up or dies is treated the same way in the estimation of implant survival. Let us consider implant survival in two patients, Max and Arthur, such as we did before for patient death. Again, Max is lost to follow-up after five years and Arthur undergoes a revision for aseptic loosening at ten years (Fig. 2) . The Kaplan-Meier estimate with implant revision for any reason as the event of interest is 100% until the tenth year and drops to 0% at ten years. Again, the reason for the 0% survival at ten years when only 50% of the implants have been revised is that Max has been withdrawn from the risk set at five years and the force of the following event is increased (1 in 1) . This is perfectly understandable since we consider that Max's risk of revision after she is lost to follow-up is that of the patients remaining in the study; since only one patient remains in the study, when he experiences the event, Max does also and the survival drops to 0%. Now let us imagine that Max was not lost to follow-up at five years but died from an unrelated cause. According to the Kaplan-Meier method, Max's observation is censored in the same way as described above and the ten-year survival for implant revision remains 0%. However, this time it is not acceptable to consider that Max who died at five years presents the same risk of revision as patients remaining in the study, i.e. we know her risk of having a revision after that time is 0 since she is dead and the estimated implant survival at ten years should be 50% (one event in two patients). Unfortunately, the Kaplan-Meier method does not account for this possibility and we have to consider another setting: the competing risk setting.
Analysis of survival data in the presence of competing risks

Definition
We say that an event is competing with another event when the occurence of the former prevents the occurrence of the latter. The understanding of competing risks dates back to the 18th century when the French mathematician Bernoulli studied the effect of the eradication of smallpox on mortality rates [1] . In a competing event, or similarly competing risk, setting only the occurence of the first of the competing events is of interest because states are absorbing and once a patient falls into a state he or she cannot move to another. Figure 4 presents a competing risk situation where the event of interest is the revision of the implant and where death is competing. In this case, a patient can either experience a revision before dying or die without experiencing a revision. The difference with the Kaplan-Meier estimator is that events other than the one of interest are not made equal. For instance, when estimating implant survival in the Kaplan-Meier setting, whether a patient dies, reaches the end of the study or is lost to follow-up, his or her observation will be censored. On the contrary, in a competing event setting when a patient dies before having his or her hip revised, he or she moves to the "dead and implant not revised" state and cannot move to any other state. Therefore this patient is no longer considered at risk of implant revision. Patients who reach the end of study or are lost to follow-up have their observations censored in the same way as previously described. Cumulative incidence function This time we are interested in the probability of failing from cause k before time t : Pr(T≤t, D=k). The cumulative incidence function allows us to estimate this probability by summing at any time, over all previous time intervals, the unconditional probabilities of failing from cause k at t j [15] . This corresponds to the cumulative sums of the event-free survival (i.e. the probability of having none of the competing events by time t −1 ) multiplied by the hazard (i.e. the number of events of interest divided by the number of patients at risk at time t ). Figure 5 shows the cumulative probability with implant revision for any reason as the event of interest and death as a competing event of the patients in the study by Hamadouche et al. [13] . The estimated ten-, 15-and 20-year cumulative probabilities for implant revision are 14% (95% CI: 7%-22%), 23% (95% CI: 14%-32%), and 27% (95% CI: 17%-36%), respectively. It can be seen that, instead of plotting the probability of being free of the event by time t as with the Kaplan-Meier estimate, it is the probability of having the event that is plotted over time. Also, in a competing event, setting it is usual to plot the estimate of the competing events and assess the competition between these events. It must be emphasised that estimating death as a competing event is not the same as death as the only event.
In the former case, one estimates the cumulative probability of dying before having a revision and in the latter one estimates the cumulative probability of dying regardless of other events. Figure 6 shows a comparison of the cumulative probability of implant revision estimated with the KaplanMeier method (here we plot 1-Kaplan-Meier for comparative purposes) and with the cumulative incidence function. It can be seen that with time, the Kaplan-Meier method overestimates the probability of having the event. The reason is that as time progresses more and more observations are wrongly censored, and each time, the force of the following events is increased. Consequently, the bias in the KaplanMeier method inflates. At 20 years, the estimated risk of implant revision is 31% with the Kaplan-Meier method and 27% with the cumulative incidence function. The more patients experience the competing event and the earlier in follow-up, the more this difference will show. In a previous series of 91 tumour knee megaprostheses [2] , where patients present a high risk of death during follow-up due to their bone cancer, we reported a 67% risk of revision at 15 years with the Kaplan-Meier method compared to a 47% risk of revision with the cumulative incidence function; in this case the Kaplan-Meier method overestimated the risk of revision by 43% at 15 years [3] . Similarly, when reporting implant survival in young patients, one would expect the bias in using the Kaplan-Meier analysis as being important since many patients are expected to die during follow-up [9, 17] .
Conclusion
The use of competing risks in the medical literature is not recent but the attention of orthopaedic surgeons to this method is more recent [3-6, 10, 12] . The Kaplan-Meier method is entirely valid when one is modelling patient survival since it almost never occurs that an event will be competing with death. However, when modelling implant survival using the Kaplan-Meier method, the assumption is made that either patients who die are still at risk of having a revision or that patients do not die. In either case this assumption is not tenable and an alternative method is necessary. The competing event setting adequately accounts for the differences in risk between patients who die and those who are lost to follow-up or have reached the end of the study without experiencing a revision. The cumulative incidence function allows estimation of the probability of implant revision and gives insights on the competition between events. Two issues which are a little more complex may be of interest. First, when one is interested in estimating the effect of a covariate on survival, the model of choice is that proposed by Cox [7] and known as the Cox proportional hazard regression model. This model remains valid in the presence of competition and it models the effect of a covariate on the cause-specific hazards. However, the effect of covariates on cumulative incidence curves are no longer easily interpretable. A model to regress directly on the cumulative incidence curves has been developed recently [11] . Second, in the competing risk setting presented here, we consider one initial state and several mutually exclusive absorbing states. However, this does not account for reality. Indeed a patient will die after a revision and also a patient who undergoes a revision will have another prosthesis implanted that may possibly require another revision. In fact, competing risks are only a particular case of more complex multi-state models where patients are allowed to transfer almost (death remains absorbing) freely between all states [16] .
